

























































































































































































































































































Hong Kong Indonesia Malaysia Singapore Taiwan Thailand
Mean 17.78 1.14 1.77 3.00 10.41 1.99
Std. Dev. 217.16 16.65 20.41 41.30 323.63 36.30
Variance 47160.53 277.32 416.68 1705.80 104735.73 1317.52
Count 521 441 520 521 521 469
Minimum -1541.51 -41.41 -104.25 -428.85 -1849.23 -224.94
Maximum 933.76 199.59 96.86 121.96 1099.50 166.94
Range 2475.27 241.01 201.11 550.81 2948.73 391.88
Sum 9264.10 501.59 920.97 1560.48 5422.22 932.86
Sum of squares 24688201.95 122590.92 217886.82 891687.70 54519009.10 618455.99
25% Quartile -49.62 -4.80 -6.71 -16.34 -109.09 -13.76
50% Quartile 13.80 0.65 1.82 4.36 27.93 3.46
75% Quartile 100.40 5.21 10.90 27.40 181.22 18.80
Kurtosis 8.54 50.59 4.00 23.53 4.00 6.11
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Figure 3. Figure 2. Indonesia - Price Changes, January 1988 - June 1996
In the smaller insert charts, the (red) line indicates the 450 line, while the (blue)
blocks are the 2-dimensional observations on the matched percentiles of the half 1
and half 2 bins. When these interconnected blocks deviate from the 450 line, the
distributional characteristics of half 2 are di¤erent from those of half 1. We visually
observe that four of the six stock markets exhibit stationarity, except Hong Kong
(Fig.1) and Taiwan (Fig. 5), and, perhaps, Malaysia (Fig. 3). If the insert has a
plotted line above the 450 line it means that the half 2 bin has price changes that
are larger in magnitude than in the half 1 bin. This means that the stock market
price changes in the 1990s were considerably larger in Hong Kong and Taiwan, and,
perhaps, Malaysia, than in the 1980s. Their distributional characteristics changed.
The pricing mechanisms of these stock markets were nonstationary. In contrast,
the charts for half 1 and half 2 in Singapore (Fig. 4) and Jakarta (Fig. 2) appear
indistinguishable from the 450 line, which, as we will see, visually con…rms most of
the Chi-square test results.EFFICIENCY TESTING OF ASIAN STOCK MARKETS 11
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Figure 4. Figure 3. - Malaysia - Price Changes, June 1986 - June 1996
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Figure 5. Figure 4. Singapore - Price Changes, June 1986 - June 1996
2.2. Chi-Square Stationarity Tests. For the weekly data, the Chi-square tests
on the weekly price changes cannot reject stationarity for Singapore, Indonesia,
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Figure 6. Figure 5. Taiwan - price Changes, June 1986 - June 1996
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Figure 7. Figure 6. Thailand - Price Changes, July 1987 - June 1996
Malaysia’s test results proves surprising, given the visual indication of nonstation-
arity.
TABLE 3. CHI-SQUARE TEST RESULTS FOR STATIONARITY


























































atatime.14 CORNELIS A. LOS, PH.D.
are independent, the distribution of the weekly price changes around the zero point
should be symmetric. But if this distribution is not symmetric, the price changes
are not independent and they contain some type of serial dependence.
The di¤erential spectra are collected in Figures 7 - 13, while the Chi-square test
results are collected in Table 4. Notice that the bin widths for the price changes of
the various indices must di¤er, since the magnitudes and frequencies of the price
changes in the various stock markets are quite di¤erent from each other, re‡ecting
the di¤erent institutional arrangements and capital liquidities.
No …rm conclusion can be drawn from simple visual inspection of Figures 7 -
13, except that the observed price changes for most markets appear to be larger in
the range of medium-sized magnitudes, suggesting that not only are the positive
weekly price changes larger in magnitude than the negative ones, but that there
are more of them in the medium-sized magnitude range. See for example the
di¤erential spectra of Hong Kong (Fig. 7) and Singapore (Fig. 10). The observed
values of the observed positive price changes in Taiwan (Fig. 11) appear to be
larger in magnitude than the expected negative price changes. In Indonesia (Fig.
8) the observed small positive price changes appear to be more prevalent than
the expected small negative price changes. All these spectral di¤erences suggest
considerable unexpected amount of residual structure and dependence, although











































































Figure 8. Figure 7. Hong Kong - Di¤erential Spectrum, June 1986 -
June 1996
3.1.1. Chi-square Test Results. The Chi-square test results of comparing the dif-
ferential spectra are collected in Table 4. The bin widths for the price changes of
the various indices di¤er and thus the number of bins=2 = n. Consequently, the







































































Figure 9. Figure 8. Indonesia - Di¤erential Spectrum, January 1988
- June 1996



























































Figure 10. Figure 9. Malaysia - Di¤erential Spectrum, January 1986
- June 1996
each other too.
TABLE 4. CHI-SQUARE TEST RESULTS FOR INDEPENDENCE
BASED ON DIFFERENTIAL SPECTRA
COUNTRIES Critical Value Weekly Price Changes






All critical values are at the 1% signi…cance level16 CORNELIS A. LOS, PH.D.
































































Figure 11. Figure 10. Singapore - Di¤erential Spectrum, June 1986
- June 1996











































































Figure 12. Figure 11. Taiwan - Di¤erential Spectrum, June 1986 -
June 1996
The weekly stock market price index changes in Hong Kong and in Malaysia
exhibit signi…cant dependence, whilst the time series underlying the equity mar-
kets of Singapore, Taiwan, Thailand and Indonesia are insigni…cantly dependent,
according to this di¤erential spectrum test. Again, we emphasize the low power,
and conservatism, of the Chi-square test, which cannot discriminate between the
various subtle visual di¤erences in the di¤erential spectra. This test does not easily
reject the hypothesis of independence, so, when it does, it is a signi…cant …nding.EFFICIENCY TESTING OF ASIAN STOCK MARKETS 17

























































Figure 13. Figure 12. Thailand - Di¤erential Spectrum, July 1987 -
June 1996
3.2. Relative Price Change Transition Arrays. One shortcoming of the dif-
ferential spectrum is that it only decides whether price changes are independent and
fails to identify the type of serial dependence that may be present. The relative
price change method assists in determining the type of serial dependence and the
duration of the temporal window during which the dependency exists.
The following test recipe is used to form relative price change transition arrays
to test for independence, with the theoretical relative frequencies or probabilities
of occurrence in Tables 5, 6 and 7 [[46], pp. 93 - 112], which we’ll use here and in
section 3.4.
Step 1. The price changes "j;t+1 are translated into a series of arbitrary symbols
using an unvarying rule. We adopt the following rule: a sequential increase in
the price change is classi…ed as ”2”, while a sequential decrease in price change is
classi…ed as ”1”. For example, if the string of price changes is 3,5,4,8, the translated
symbols would be ”2”, ”1”,”2”. We exclude ties, when sequential price changes are
the same, by then determining the symbol randomly, using the computer’s random
number generation capability. As a result, the string of symbols will consist solely
of either ”1”’s or ”2”s.
Step 2. The string of symbols of ”1”s and ”2”s are transformed into transition
matrices. For the simple 2 £ 2 digram transition matrix, we specify how often a
symbol ”i” is followed by a symbol ”j” using the notation ”ij” for a digram (cell)
of the transition matrix, where i and j is either 1 or 2. There are four digrams in
the 2 £ 2 transition matrix: 11, 12, 21 and 22.
Step 3. The digram series are counted to obtain the relative frequencies of the
digrams ”ij”s. The count of the occurring digrams are the observed frequencies for
the familiar Chi-square test. The theoretical frequency of occurrence of each digram
is given in Table 5,15 and this probability is multiplied with the total number of
15The cells of this theoretical relative frequency of occurrence table, multiplied by the number






























































































































TABLE9. WINDOW CHI-SQ.TESTONWEEKLY PRICECHANGES
COUNTRIES Lag-2 Lag-3* Lag-4* Lag-5*
HongKong 0.19 66.35 36.45 92.58
Indonesia 9.03 57.8 33.86 47.27
Malaysia 4.27 72.66 71.47 49.66
Singapore 1.54 83.14 56.08 58.20
Taiwan 1.25 78.98 95.36 42.76
Thailand 3.61 34.39 69.95 70.65





















































TABLE10. INDEPENDENCE CHI-SQARETESTS BASEDON
CATEGORYPRICE TRANSITION ARRAYS
COUNTRIES Level(CPT) FirstDi¤erence(CPCT)



































































































































TABLE11. INDEPENDENCE CHI-SQARETESTS BASEDON
MARKOVANALYSIS OFCPTANDCPCT ARRAYS
COUNTRIES Level FirstDi¤erence






















































































TABLE 12.: CHI-SQUARE TESTS FOR STOCK MARKET DATA
PRICE INDEX CHANGES DDPt
WEEKLY DATA Hong KongIndonesiaMalaysiaSingapore Taiwan Thailand
1. STATIONARITY n b b b n b
2. INDEPENDENCE
Differential Spectra n b n b b b
Transition Matrices
       Digrams (Lag-2) b b b b b b
Digram Temporal Windows
       Lag-2 b b b b b b
       Lag-3 n n n n n n
       Lag-4 n n n n n n
       Lag-5 n n n n n n
Category PT Matrices
       Digrams n n n b n n
       Trigrams n n n . n n
       Quadgrams n n n . n n
Markov Transition Matrices
       Zero-order b n n b n n
       First-order . b b . n b
       Second-order . . . . b .
Note:
A black ball nn indicates that the particular data series does NOT exhibit the characteristic
A check mark bb indicates that the particular series DOES exhibit the characteristic
Figure14
and,second,thatinthesestockmarketstechnicalanalysislikelysucceedsiniden-
tifyingpotentiallowrisk/highrewardtrades.
ThedegreeofuncertaintyinthesefourmarketsislessthaninHongKongor
Taiwan,althoughthereisdivergencefromindependenceofthepricechanges(=
unfairgames).Butinthesemarketsmostoftheavailableinformationaboutfuture
pricechangescanbeobtainedbystudyingtheirpasthistory.Themarketrisk,or
pricevolatilityofthesemarketscanthusbeproperlymeasuredandinvestmentin
thedetectionoffinancialpatternsthatmightactassignalsforbuy-selldecisions
maypayo¤.Overtime,thearbitrageinducedbysuchtechnicaltradingruleswill
forcethesefourstockmarketstofunctionmoree¢ciently.Ofcourse,thereisno
absoluteguaranteethatthegovernmentsofIndonesia,Malaysia,Singaporeand
Thailandwillnotatsomefuturetimeinterfereintheirstockmarketsandcause
regimeshifts,i.e.causetheirstockmarketstobenonstationarylikeinHongKong
orTaiwan.
InallsixAsianstockmarketswefoundsignificantlag-3,-4and-5temporal
windows,i.e.,tradingwindowsofthree,fourand…veweeks,oraboutone-month
duration.Specifically,inIndonesia,MalysiaandThailandthepricechangesfol-
lowedzero-orderMarkovprocesses,whileinTaiwan,thepricechangesfollowed
(non-stationary)first-orderMarkovprocesses.TheseweeklyMarkov-typeprice
changeprocessescouldpro…tablyhavebeenexploitedbyKalmanfiltering.
ThemainlimitationofSherry’smethodologyandthereforeofthecurrentpaper
isthelimitedfrequencyofobservationontheAsianstockmarketpriceindices.28 CORNELISA.LOS,PH.D.
Thispaperusedonlyweeklypricechangesanditsconclusionsholdtrueforonly
thisdatafrequency.Byfocusingondailyorevenmuchhigherfrequencydata,e.g.
tick-by-tick,amuchmorerefinedpictureofthee¢ciencyoftheAsianstockmarkets
islikelytobeestablished.Anotherlimitationisthesubjectivelevelofresolutionof
theobservationsandoftheresultingdensitydistributionsandtestsweareforced
toacceptbyadoptingSherry’snonparametricandnonlinearmethodsofanalysis.
Therefore,e¢cient(orthogonal)andsystematicmulti-levelresolutionbyencom-
passingwaveletanalysisofhighfrequencyspeculativemarketdatashouldbethe
nextstepinthislineofresearchintothestatistical,microstructuralcharacteristics
ofthepricingmechanismsofAsianstockmarkets.Waveletanalysiswillnotgive
alltheanswers,buttheyarelikelytoforceustoasktherightquestions.Insteadof
producingonesubjectiveresolutionofthedataintimeorfrequency,aswe’vedone
havedoneinthispaper,itproducesamultiresolutionvisualizationofthedata,
brokendownnotonlyquavariouslocalizationsintime,i.e.,bydi¤erentdyadically
linkedtimewindows,butalsoquavariousfrequencies,i.e.,bydi¤erentdyadically
linkedfrequencywindowsorbandwidths.19
References
[1]M.Ari¤.E¤ectsoffinancialliberalizationonfoursoutheastasianfinancialmarkets,1973-
94.ASEANEconomicBulletin,12(3):325–338,March1996.
[2]M.Ari¤andL.W.Johnson.SecuritiesMarketsandStockPricingEvidencefromaDveloping
AsianCapitalMarket.Longman,Singapore,1990.
[3]L.Bachelier.Theoriedelaspeculation.Annalesdel’EcoleNormalSuperieure,17:21–86,
1900.EnglishtranslationbyA.J.BonessinTheRandomCharacterofStockMarketPrices,
byPaulH.Cootner(Ed.),MITPress,Cambridge,MA,1964.
[4]R.Y.C.N.J.Bollerslev,T.andK.F.Kroner.ARCHmodelingin…nance:Areviewofthe
theoryandempiricalevidence.JournalofEconometrics,52(1):5–60,1990.
[5]P.BootheandD.Glassman.Thestatisticaldistributionofexchangerates.JournalofInter-
nationalEconomics,22:297–319,1987.
[6]A.W.L.Campbell,JohnY.andA.C.MacKinlay.TheEconometricsofFinancialMarkets.
PrincetonUniversityPress,Princeton,NJ,1997.
[7]T.B.J.K.Chou,R.andK.F.Kroner.ARCHmodelingin…nance:Areviewofthetheory
andempiricalevidence.JournalofEconometrics,52(1):5–60,1990.
[8]P.Clark.Asubordinatedstochasticprocessmodelwith…nitevarianceforspeculativeprices.
Econometrica,41(1):135–155,1973.
[9]J.M.P.Cutler,D.andL.H.Summers.Whatmovesstockprices?JournalofPortfolio
Management,pages4–12,Spring1989.
[10]H.Davis,Lyle.Top-DownInvestinginEmergingMarkets,pages19–28.ICFAContinuing
Education,ManagingEmergingMarketPortfolios.AssociationforInvestmentResearchand
Management,February1994.
[11]T.EppsandM.Epps.Thestochasticdependenceofsecuritypricechangesandtransdaction
volumes:Implicationsforthemixture-of-distributionshypothesis.Econometrica,44:305–
321,1976.
[12]E.F.Fama.E¢cientcapitalmarkets:Areviewoftheoryandempiricalwork.Journalof
Finance,25(2):383–417,1970.
[13]E.F.Fama.Stockreturns,expectedreturns,andrealactivity.TheJournalofFinance,
45(4):1089–1108,1990.
19Thispaperisbasedonresearchusingweeklyandmonthlydataoriginallyconductedinthe
academicyear1996/97.Intheyear1997/98weimplementedthesamenonparametricanalysisto
Asianhighfrequencyforeignexchange(HFFX)data.Thisyear1998/99attheNanyangBusiness
SchoolwehaveembarkeduponanextensiveprojectofwaveletanalysisofthesameAsianHFFX
data,usingspectrograms/scalograms,followingtheexampleof[43]todeterminethespecifictime-
frequencycharacteristicsofthespeculativemarketsinAsia.EFFICIENCYTESTINGOFASIANSTOCKMARKETS 29
[14]E.F.FamaandK.R.French.Dividendyieldsandexpectedstockreturns.JournalofFinan-
cialEconomics,22(3):3–25,1988.
[15]E.F.FamaandK.R.French.Permanentandtemporarycomponentsofstockprices.Journal
ofPoliticalEconomy,96(2):246–273,1988.
[16]E.F.FamaandK.R.French.Businessconditionsandexpectedreturnsonstocksandbonds.
JournalofFinancialEconomics,25:23–49,1989.
[17]C.W.J.GrangerandO.Morgenstern.Spectralanalysisofnewyorkstockmarketprices.
Kyklos,16:1–27,1963.
[18]J.M.Hinich.Testingfordependenceintheinputtoalineartimeseriesmodel.Journalof
NonparametricStatistics,6:205–221,1995.
[19]N.Jegadeesh.Evidenceofpredictablebehaviorofsecurityreturns.TheJournalofFinance,
45(3):881–898,1990.
[20]R.E.Kalman.Anewapproachtolinearfilteringandpredictionproblems.ASMEJournal
ofBasicEngineering,82D:33–45,1960.
[21]R.E.Kalman.Randomnessreexamined.Modeling,Identi…cationandControl,15(3):141–
151,1994.
[22]R.E.Kalman.Addendumto"randomnessandprobability".MathematicaJaponica,
41(2):463,1995.
[23]R.E.Kalman.Randomnessandprobability.MathematicaJaponica,41(1):41–58,1995.
[24]M.J.KimandC.H.Nelson.Meanreversioninstockprices?areappraisaloftheempirical
evidence.ReviewofEconomicStudies,58:515–528,1991.
[25]C.P.Kindleberger.Manias,PanicsandCrashes:AHistoryofFinancialCrises.JohnWiley
Sons,Inc.,NewYork,thirdedition,1996.
[26]B.LeBaron.NonlinearforecastfortheSPstockindex.InM.CasdagliandS.Eubank,edi-
tors,NonlinearModelingandForecasting,DiagnosticTestingforNonlinearity,Chaos,End
GeneralDependenceinTimeSeriesData,pages381–394.Addison-Wesley,RedwoodCity,
CA,1992.
[27]A.Lo.Longtermmemoryinstockmarketprices.Econometrica,59:1279–1313,1991.
[28]A.W.LoandA.C.MacKinlay.Stockmarketpricesdonotfollowrandomwalks:Evidence
fromasimplespecificationtest.TheReviewofFinancialStudies,1(1):41–66,1988.
[29]M.LoretanandP.C.Phillips.Testingthecovariancestationarityofheavy-tailedtimeseries.
JournalofEmpiricalFinance,1:211–248,1994.
[30]C.A.Los.Discrete-timemartingaleconvergenceresultsandnonlinearestimationusingtime-
seriesdata.TechnicalReport8222,FederalReserveBankofNewYork,NewYork,NY,July
1982.
[31]C.A.Los.EconometricsofModelswithEvolutionaryParameterStructures.PhDthesis,
ColumbiaUniversity,1984.
[32]C.A.Los.Optimalmulti-currencyinvestmentstrategieswithexactattributioninthreeasian
countries.JournalofMultinationalFinancialManagement,8(2/3):169–198,September
1998.
[33]C.A.Los.Nonparametrictestingofthehigh-frequencye¢ciencyofthe1997asianforeign
exchangemarkets.JournalofMultinationalFinancialManagemen,8(4):(forthcoming),1999.
[34]S.MallatandZ.Zhang.Matchingpursuitswithtime-frequencydictionaries.IEEETransac-
tionsonSignalProcessing,41(12),1993.
[35]S.G.Mallat.Atheoryformultiresolutionsignaldecomposition:Thewaveletrepresentation.
IEEETransactionsonPatternAnalysisandMachineIntelligence,11:674–693,1989.
[36]N.R.D.G.MankiwandM.D.Shapiro.Stockmarketforecastabilityandvolatility:A
statisticalappraisal.ReviewofEconomicStudies,58:455–577,1991.
[37]M.D.R.O.O.P.M.Muller,U.andC.Morgenegg.Statisticalstudyofforeignexchange
rates,empiricalevidenceofapricechangescalinglaw,andintradayanalysis.Journalof
BankingandFinance,14:1189–1208,1990.
[38]C.D.R.N.BlascoandR.Santamaria.Therandomwalkhupothesisinthespanishstock
market:1980-1992.JournalofBusinesFinanceandAccounting,24(5):667–683,1997.
[39]A.PaganandG.Schwert.Testingforcovariancestationarityinstockmarketdata.Economics
Letters,33:165–170,1990.
[40]J.M.Poterba.Thepersistenceofvolatilityandstockmarket‡uctuations.TheAmerican
EconomicReview,76(5):1142–1151,1986.30 CORNELISA.LOS,PH.D.
[41]J.B.Ramsey.Economicandfinancialdataasnonlinearprocesses.InJ.G.P.Dwyerand
R.W.Hafer,editors,TheStockMarket:Bubbles,Volatility,andChaos.KluwerAcademic
Publishers,Boston,1990.
[42]J.B.RamseyandD.J.Thomas.Areanalysisofthespectralpropertiesofsomeeconomic
timeseries.Departmentofeconomicsworkingpaperseries,NewYorkUniversity,NewYork,
NY,1994.
[43]J.B.RamseyandG.Zaslavsky.Awaveletanalysisofu.s.STockpricebehavior.Department
ofeconomicsworkingpaperseries,NewYorkUniversity,NewYork,NY,1994.
[44]J.B.RamseyandZ.Zhang.Theapplicationofwaveformdictionariestostockmarketindex
data.InY.A.KravtsovandJ.B.Kadtke,editors,PredictabilityofComplexDynamical
Systems,pages189–205.SpringerVerlag,NewYork,1996.
[45]L.C.G.Rogers.Stochasticcalculusandmarkovmethods.InM.A.H.DempsterandS.R.
Pliska,editors,MathematicsofDerivativeSecurities,pages15–40.CambridgeUniversity
Press,Cambridge,1997.
[46]C.J.Sherry.TheMathematicsofTechnicalAnalysis:ApplyingStatisticstoTradingStocks,
OptionsandFutures.ProbusPublishingCo.,Chicago,IL,1992.
NanyangTechnologicalUniversity,NanyangBusinessSchool,S3-01B-62,Nanyang
Avenue,Singapore639798
E-mailaddress:ACALOS@ntu.edu.sg
URL:http://www.ntu.edu.sg/nbs/staff-directory/los_cornelis_albertus.htm